Abstract. Soil-Water Characteristic Curve (SWCC) is an important relationship between matric suction and volumetric water content of soils especially when dealing with unsaturated soil problems, these problems may include seepage, bearing capacity, volume change, etc. where the matric or total suction may have a considerable effect on unsaturated soil properties. Obtaining an accurate SWCC for a soil could be cumbersome and sometimes it is time consuming and needs effort for some soils, either through laboratory tests or through field tests. Accurate prediction of this curve can give more precise expectations in design or analysis that include some unsaturated soil properties, which can save more effort and time. This work will concentrate on proposing a new approach for determining the SWCC using Artificial Neural Network (ANN) depending on some soil properties (air-entry point and residual degree of saturation) through computer software MatLab as a tool for ANN. The new approach is to plot the SWCC curve points instead of obtaining the parameters used in Brooks and Corey (BC) Model (1964), van Genuchten (VG) Model (1980), or Fredlund and Xing (FX) Model (1994). Results showed close agreement in determination of the SWCC by verification of the ANN results with an additional curve sample.
Introduction
The SWCC provides a conceptual relation between the mass (and / or volume) of water in a soil and the energy state described as (usually) matric suction of the water phase. The SWCC has proven to be an interpretive model that utilizes the capillary model to provide an understanding of the distribution of water in the voids. The effects of soil texture, void ratio, and gradation became part of the interpretation of measured laboratory SWCC data (i.e. these soil properties are used as parameters in prediction of SWCC).
The SWCCs have an important role in the determination of unsaturated soil property functions (e.g. shear strength, volume change, etc.). The procedures that have been proposed for unsaturated soil properties are approximate but satisfactory for analyzing unsaturated soil mechanics problems [1] . Neural Networks are widely used in experimental researches that need some soil parameters determination either in field or laboratory, and to describe some complex soil behavior.
Previous work
Many researchers had been working on using Artificial Neural Network (ANN), Genetic Programming (GP), and Genetic Based Neural Network (GBNN) in predicting the SWCC. Lee, et al., 2005 Considered the change of void ratio during the SWCC tests. Additionally, a method reasonably predicting the SWCC for Korean weathered granite soils was suggested based on the test results obtained from the experiments conducted in their study. A method to estimate the parameters used in Fredlund and Xing's equation were proposed using an ANN (artificial neural network). The particle size distribution, compacted water content and void ratio were used as input data in the ANN model for predicting the parameters.
Johari, et al., 2006 Used Genetic-Based Neural Network (GBNN) is employed to predict the soil-water characteristic curve of unsaturated soils. A three-layer network has been trained by genetic algorithm and its topology is determined by trial and error. The network has five input neurons, namely, initial void ratio, initial gravimetric water content, logarithm of suction normalized with respect to air pressure, clay fraction and silt content.
Johari, et al., 2011 Investigated Genetic-Based Neural Network (GBNN) and Genetic Programming (GP) in determining the SWCC. These two models have identical set of input parameters. The authors utilized some soil properties as parameters to predict the SWCC, these parameters include void ratio, initial water content, clay fraction, silt content and logarithm of suction normalized with respect to air pressure. Assessment of the results indicates that predictions from GBNN model MATEC Web of Conferences 162, 01014 (2018) https://doi.org/10.1051/matecconf/201816201014 BCEE3-2017 have relatively higher accuracy as compared to GP model. Johari, and Javadi, 2011, Used a neural network which predicts the soil water characteristic curve of unsaturated soils. Their network has five input neurons, namely, initial void ratio, initial gravimetric water content, logarithm of suction normalized with respect to the atmospheric pressure, clay fraction, and silt content.
Johari, and Nejad, 2015, used Gene Expression Programming (GEP) in their research which was employed as an artificial intelligence method for modeling of the SWCC curve. The principal advantage of the GEP approach is its ability to generate powerful predictive equations without any prior assumption on the possible form of the functional relationship. GEP can operate on large quantities of data in order to capture nonlinear and complex relationships between variables of the system. The selected inputs for modeling are the initial void ratio, initial gravimetric water content, logarithm of suction normalized with respect to atmospheric air pressure, clay content, and silt content. The model output is the gravimetric water content corresponding to the assigned input suction.
Nikhil et al., 2016 Used Fredlund and Xing equation that consists of four fitting parameters. The SWCC (fitting parameters) being a function of pore size distribution and stress state vary across different sites, and thus necessitating the need for setting up a sitespecific database for reasonable landslide hazard predictions under an extreme rainfall condition. Therefore, a SWCC fitting parameter estimation model has been developed via an artificial neural network (ANN) using soil samples collected from eight regions in Korea.
Present work
In this study, examples of ten SWCC curves were taken from experimental tests already published in literature, eight of these curves were used in the learning process of the ANN to obtain the curve points, and another two SWCC curves were used for verifying the reliability of the ANN. These curves are used just to demonstrate the proposed method; larger sets of curves may be used to obtain more accurate results that cover wider ranges of SWCC.
Depending on the typical SWCC shape as shown in Fig. 1 and 2 , some ideas are discussed to express the author's point of view in determining the SWCC parameters required for the ANN.
Basic assumptions
In this work, the main difference from other solutions proposed in literature studying how SWCC were obtained is that the main factors (or parameters) that are considered herein are reduced to only two parameters, viz.:
1. The air-entry point value, where the degree of saturation is 100% and the value of Matric Suction is considered as the first input data in kPa.
2. The Sr (residual degree of saturation) point, that is considered with its value of Sr in %, and (u a -u w ) r (Matric Suction value at Sr in kPa).
The four input data values are assumed to be the main parameters that can give a reliable SWCC points. The part of SWCC before air-entry point is considered flat, and the part of SWCC after Sr is also considered flat. Although the SWCC vary between coarse grained soils Fig. 1 and fine grained soils Fig. 2 . Since the coarse grained soils have a well-defined air entry point most of the times and a well-defined residual saturation Sr point. In fine grained soils, these points are curvy and not welldefined, the curve takes a smoother shape which leads to using extrapolation in the curve during its transient stage to obtain a defined points for air-entry and the residual stage.
In addition, the domain of the Soil Suction values are smaller for most coarse grained soils (about few hundreds kPa) and much larger for fine grained soils (up to 110 6 kPa). In this work, the air-entry point is considered as it is for coarse grained soils and for fine grained soils, it is taken as the mostly representative point near to S=100%. For coarse grained soils, the residual degree of saturation point Sr determined as the point with almost flat part at the end of the curve is considered. Where for fine grained soils, the most end flat point at the curve is considered, the purpose of this consideration is to utilize the ANN to provide the shape of the curve as it is, and the user then can define the needed points by using extrapolation.
Methodology
Ten samples of experimentally obtained SWCC were considered in this study, eight of them were used for the learning process, and the other two SWCC were used to verify the reliability of the ANN.
For each curve, the main points of the air-entry point and the Sr point is defined by their degree of saturation (S) in percent, and the Matric Suction (u a -u w ) in kPa.
For each SWCC, the curved part between these two points (including these main points) is digitized into 21 equally spaced points (as possible) in the horizontal domain, and the values of the matric suction and the degree of saturation is obtained via a digitizing computer program (Obtaining more points give more accurate results but take more time in digitization). The two main points mentioned (with their four readings) are used as the input data to the Neural Network. Fig. 3 shows a typical ANN where the input layer, the hidden layer(s) and the output layer are shown in sequence (A, B, C, and D symbols represent Artificial Neurons). Two networks were used to determine the SWCC. The first network has an input layer with four input neurons each represents one input value as follows:
iAir-entry degree of saturation (in %),
iiAir-entry Matric Suction (in kPa),
iiiResidual degree of saturation (in %), and ivResidual Matric Suction (in kPa).
The hidden layer will contain 20 neurons using logsig function, and the output layer will contain 21 neurons that represent the degree of saturation using purelin function.
The second network has the same input layer, this time it feeds another hidden layer with 20 neurons with logsig function, and connected to another output layer that represents the Matric Suction corresponding to the degrees of saturation obtained from the first network with 21 neurons using purelin function. 
Working procedure
The ten SWCC are shown in Fig. 4 to Fig. 9 , with the reference of each one, curve 8 was taken in the training process while curves 9 and 10 were taken for the verification process.
All curves were digitized and the data obtained from digitizing these curves are illustrated in Table 1 and  Table 2 . Table 1 shows the values of the matric suction (u a -u w ) in kPa for each curve, where Table 2 shows the corresponding values of the degree of saturation against each value of matric suction. The data are shown in this form as a requirement for the computer software to represent the target values. Table 3 shows the input main points for the curves (air-entry point, and the Sr point).
After the training process was complete, the two ANN (one to represent the matric suction, and the other to represent the degree of saturation) can simulate the verification data. Results of regression for the matric suction ANN and the degree of saturation ANN are shown in Fig. 10 and Fig.  11 respectively.
The main parameters (four data points) for each curve (namely curve 9 and curve 10) was supplied to each ANN, the input data are shown in Table 4 , and the results obtained are shown in Table 5 .
Three curves were drawn to represent the results, the first two are the results of verifying data against the digitized data, and the third one is to represent one of the curves already used in the training process. These graphs are shown in Fig. 12, Fig. 13, and Fig. 14 
Discussion
The original curves were obtained from experimental data, the curved lines were digitized to represent the best fit for these experimental points. Results obtained and shown in Fig. 12 to Fig. 14 = matric suction (kPa), and SDegree of Saturation in percent. The trend of these result points is the same as in the original data. It is recommended to use more curves and more data points digitized which can give more accurate curves. 
Conclusions
The new proposed method of representing the SWCC is found to be satisfactory in representing the SWCC curved segment. Further work in needed to represent the SWCC more accurately and more sample curves are needed.
Other soil properties may be included along with more representatives (i.e. void ratio, soil classification, effective diameter D10, and others). 
